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Abstract 
Many city logistic initiatives are large in scale and aim to improve the efficiency and overall state of goods movement within our 
urban areas. Unfortunately the implementation and day-to-day operations of urban goods movement is less than optimal. 
Commercial vehicles have many activities in their activity chains, from when they start at a terminal depot, until they return. 
Some vehicles have as many as hundreds of activities in a single chain. Unfortunately many consecutive activities in a vehicle’s 
chain occur at the same facility, suggesting that vehicles have to maneuver and relocate a few times before their true, 
economically useful function is completed. In this study we consider such duplicate activities and perform temporal and spatial 
analyses to better understand the nature of these productivity sinks. 
© 2016 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Although the state of practice in transport modelling still favours adaptions of the classical four-step model, 
much progress has been made in disaggregate activity-based and more recently also agent-based models (Arentze 
and Timmermans, 2005; Bhat et al., 2008; Vovsha and Bradley, 2006). In a special issue on the behavioural insights 
into the modelling of freight transportation, Hensher and Figliozzi (2007) acknowledge that freight models and 
related public policy tools have lagged behind logistics and technological advances. They also emphasise the need 
for transport models that are rich in behaviour and that are more realistic representations of the supply chain 
structures are are inherent in relationships among logistic stakeholders. 
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Companies involved in urban and city logistics are often more advanced in their modus operandi than the 
transport planning models that are suppose to assist authorities to plan for city logistics infrastructure that should 
support those companies. One reason is that, from a planning perspective, we do not understand the activities and 
behaviour of the various freight agents. 
In this paper we build on a growing body of knowledge aiming to improve our understanding of urban freight 
movement. More specifically, we study the body of knowledge that studies the activity chains of commercial 
vehicles. An activity chain is the sequence of activities that a commercial (possibly freight) vehicle performs, with 
the activities being geographically separated and connected by trips. Consequently, Sharman and Roorda (2011) 
refer to the activities as trip ends. They use a hierarchical clustering method to identify frequently-visited facilities 
from geospatial positioning system (GPS) records, and later study inter-arrival times and activity duration patterns in 
Sharman and Roorda (2013). 
Joubert and Axhausen (2011) also extract activity chains from GPS records, and perform exploratory analysis on 
activity and activity chain durations, as well as time of day distributions. The paper also introduces a productivity 
metric that measures a fiscal value per commercial vehicle activity. The metric was subsequently considered by 
Sturm et al. (2014). Greaves and Figliozzi (2008) argue why it is useful to collect GPS data from freight vehicles 
and further process it to obtain travel and trip information. Their paper also address data collection issues 
experienced with working with GPS data. 
From the data set of 40 000+ vehicles studied by Joubert and Axhausen (2011) it emerged that many consecutive 
activities actually occur at locations in very close proximity to one an- other. More often than not these were the 
same facilities. One explanation that this paper aims to study further is the frequent occurrence where logistics 
vehicles queue outside distribution centres, waiting their turn to enter and offload their cargo. As they stand parked 
outside the gate waiting their turn, they would restart from time to time, move a couple of meters further, and then 
switch off again. Since many GPS extraction algorithms work on ignition signals, such short-distance relocations are 
actually identified as separate activities in the activity chains, even though they are non-value-adding. 
The question this paper aims to answer is ‘what are the spatial characteristics of locations where multiple 
consecutive activities in an activity chain occurs at the same location?’ 
The relevance to City Logistics is that inefficiencies in activity chains contribute to higher logistics cost, which 
in turn may negatively influence the evaluation of City Logistics initiatives like urban consolidation centres, after 
hour deliveries, and others as covered in Taniguchi and Thompson (2014). This paper makes a methodological 
contribution as it presents a diagnostic approach to identify areas for logistic efficiency improvement. The actual 
efficiency intervention, though, remain context specific. Instead of blanket improvement suggestions, this paper will 
show that one can identify concrete opportunities for ‘easy-wins’. 
The paper is structured as follows. The next section introduces the process of extracting activity chains, and 
presents the methodology for identifying pockets or areas of inefficiencies. Section 3 provides more detailed 
discussion of the actual results, and we conclude the paper in Section 4 with an outlook on future research 
opportunities. 
2. Methods 
The activity chains extracted by Joubert and Axhausen (2011) were subsequently clustered using a density-based 
clustering algorithm to identify the actual facilities (locations) where those activities take place (Joubert and 
Axhausen, 2013). Each activity was then associated with an actual facility, and not merely a GPS coordinate. 
Our interest in this paper is identifying instances where consecutive activities in an activity occurred at the same 
facility. That is, two consecutive activities, each with the same facilityId. Even though the data covers the entire 
Southern Africa, the focus of this paper would be on the large urban megacity of the Greater Gauteng region, which 
include the Cities of Johannesburg, Tshwane (formerly Pretoria), and Ekurhuleni, and we will also look at the City 
of Cape Town. 
In this paper, we will follow a similar approach as published in Joubert and Axhausen (2011, 2013) to extract 
activity chains from raw GPS data. An example of a vehicle’s activity chain is shown in Fig. 1. For each vehicle, C1 
in this case, we have one or more activity chains with different lengths, ݊. For each chain we know the number of 
activities, ݊, which includes the first and last terminal activity that represents depot or home-base activities. For each 
activity in the chain we know the start and end date and time, the coordinates, and the facility associated with the 
activity. As argued in Joubert and Axhausen (2013), it is useful to not have certain activities associated with 




Fig. 1. Example of a vehicle’s activity chain with sequential activities of which some are, and others are not associated with facilities. 
We can then consider each consecutive activity pair and check if both activities are associated with a facility. If 
so, we record a number of attributes that we can extract from the activity chain, like the vehicle’s Id, the waiting 
time between duplicate activities, and the total waiting time (assuming the first occurrence in the duplicated pair is 
dead time). 
The occurrence of consecutive activities in an activity chain at the same facility is then used as a proxy to 
identify locations where vehicles relocate at least once in conducting their business. Such locations are identified as 
productivity sinks. One may ask ‘why is this important?’ Because many City Logistics initiatives aim at changing 
the behavioural patterns of shippers and carriers. But too often we assume those interventions result in efficient 
implementations, whereas in practice they are not. This paper aims to understand in a bit more depth where and why 
such inefficiencies occur in the form of wasted relocations, and added waiting time for carriers. 
In total, this study considered the activity chains of 11 819 commercial vehicles for March 2014. The 69-million 
GPS records resulted in activity chains with a total of 1.44-million consecutive activity pairs where both activities in 
the pair are associated with facilities. Of these pairs, a total of 911 350 occurred at the same facility. 
The duplication and repeated activities are by no means evenly spread over all facilities. Some summary statistics 
are shown in Table 1 indicating the number of duplicate activities at each facility. Over all the days there seems to 
be a small number of facilities that have a very large number of duplicate activities. To be able to see if this is 
indeed true, we fit a power law function to the number of duplicates per facility. Clauset et al. (2009) note that very 
few empirical phenomena obey the theoretical power law ݌ሺݔሻ ן ݔିఈ for all values of ݔ. Using the implementation 
of Gillespie (2014) we estimated the scale parameter, α = 2.06, and also the minimum value, ݔ௠௜௡ ൌ ͳͶ, above 
which the number of duplicate activities obeys a power law. To confirm our hypothesis that the duplicate 
distribution indeed follows a power law, we followed a standard approach of using a goodness-of-fit, which 
generated a p-value, that quantifies the plausibility of our hypothesis. The resulting p = 0.28 is higher than the 
recommended level of 0.1 and we can accept the hypothesis. 
Table 1. Summary statistics for duplicate activity counts over different facilities for different day types. 
Day Min Mean Median 90% 95% 99% 99.5% Max 
Sunday 1 10 3 17 32 130 215 1341 
Monday 1 13 3 21 41 190 297 2353 
Tuesday 1 13 3 20 40 171 291 2757 
Wednesday 1 13 3 20 40 171 321 2985 
Thursday 1 13 3 20 40 179 317 2925 
Friday 1 11 3 17 33 143 249 2083 
Saturday 1 11 3 16 31 139 236 2220 
 
Why is the power law of interest? If it is indeed true that a very few facilities account for the majority of 
duplicate activities, it will be sufficient to only study those extreme cases and therefore allows for cost-efficient 
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analyses. 
3. Results and discussion 
In the analyses three metrics are studied. 
3.1. Time of day 
Consider long haul vehicles that carry their loads overnight from the harbour districts to the central urban areas 
inland in Gauteng. One might be tempted to think that it indeed are these types of vehicles who arrive (too) early at 
their destinations or stated time windows, have to switch off for a couple of hours, and then restart to move into the 
facility. Such restarts will cause the duplicate activities in their activity chains. 
But, looking at Fig. 2, we see that the occurrence of duplicate activities is spread throughout the business day 
and is multimodal with the first peak at 08:00, and another towards the close of business at 16:00. 
 
 
Fig. 2. Temporal distribution of duplicate activities for different days of the week. The figure on the left (a) shows the start time of the first 
activity, while (b) on the right shows the start time of the second activity in the duplicate pair. 
For the weekdays, Monday to Thursday, the spread is very similar. The multimodal shape of the distribution 
stays the same; it is just the total number of duplicates that we see decreasing as we approach the weekend. 
Note that the time of day distribution reported on the left is for the start time of the first of the activities in a 
duplicate pair, while the right is for second of the two activities. The morning peak is more pronounced for the 
second activity, even though the overall shape of the distributions and weekly patterns are very similar. This 
confirms the intuition that the second activity is the true start time of an activity once the business has actually 
opened, i.e. vehicles arriving a bit too early and having to switch off until the service time window opens. 
For this analysis one conclusion could be that duplicate activities are not an on-site productivity sink, but rather 
just the manifestation of random and unpredictable travel times that cause vehicles to arrive before their allocated 
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time windows. Although this conclusion is plausible, it does leave the question open on why so many duplicates, 
both first and second activities, still occur during business hours. 
To try and answer the question, we next consider where in an activity chain the duplicate activities occur. 
3.2. Activity chain position 
An activity chain consists of at least 2 activities. The first and last activity, referred to as terminal activities, last 
in excess of 5 hours (Joubert and Axhausen, 2011). And as we know, the number of activities in a commercial 
vehicle’s activity chain is typically much more than in the activity chains of private individuals. Table 2 shows some 
summary statistics on the number of activities per chain. Thus, 90% of all commercial vehicle activity chains in  
the sample have 147 or fewer activities. There is actually a chain with no less than 1373 activities, suggesting high 
vehicle utilisation. A visual representation of the distribution is shown in Fig. 3. 
Table 2. Summary statistics for the number of activities per chain, which includes the two terminal activities at the start and end of the chain. 
Min Mean Median 90% 95% 99% 99.5% Max 
2 61 25 147 234 516 698 1373 
 
       
Fig. 3. Distribution of the number of activities per chain. 
So, where in those long activity chains do the duplicates occur? Since we noted the index position of the second 
activity of a duplicate pair, and also the length of the activity chain in which the duplicate occurred, we could 
express the position as a fraction of the total chain length. For example, if the duplicate’s second activity occurred in 
position 5 of a chain that has a total of 20 activities, the relative position will be calculated as 5/20 = 0.25. Fig. 4 
shows the distribution of all the duplicates. 
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Fig. 4. Distribution of the position in the chain where duplicate activities occur. The position notes the second activity in the duplicate. 
With the exception of the outlier bin in the range [0.975, 1.0], which accounts for 13.8% of the observations, the 
majority of duplicates are evenly spread throughout the chain. Since we determine the position of the second activity 
in a duplicate pair, one should not read too much in the low frequency in the range [0.0, 0.1]. 
A plausible conclusion, noting the high frequency at the end of chains, is that many commercial vehicles return 
to a facility to deliver goods collected, returnable packaging, or simply undelivered goods, before finally terminating 
the chain at the supposed depot. Still, the majority of duplicates occur throughout the chain. 
3.3. Location 
In this last analysis we investigate where these duplicates occur. We know from Table 1 that the duplicates are 
not spread evenly among the different facilities. This is confirmed in Fig. 5 for Gauteng, and Fig. 6 for Cape Town 
where we look at the distribution of all the facilities identified, and those (highlighted) where duplicates frequently 
occur. 
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Fig. 5. Comparison in the Gauteng urban area of (a) all facilities against those where (b) duplicate activities feature frequently (Source: 
GoogleTerrain on Via visualisation). 
      
Fig. 6. Comparison in the Cape Town urban area of (a) all facilities against those where (b) duplicate activities feature frequently 
(Source: GoogleTerrain on Via visualisation). 
The left image in each case notes all the facilities, while the right shows the potential productivity sinks. 
The first 9 facilities with the highest number of duplicates account for 10% of all the duplicates. The next 24 
highest number facilities account for the next 10%. In the top 20% (33 facilities), approximately half represented 
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beverage depots and distribution centers (5 for soft drinks, and 11 for beer). Examples of four such facilities are 
shown in Fig. 7. 
 
    
 
    
Fig. 7. Examples of some of the beverage depots and distribution centres (Source: Bing Maps). 
In the top 9 there was one meat wholesaler and one bus coach depot. The highest 20% also included two fuel 
distribution depots, four bulk road carriers (grain and minerals), a large commercial bakery, and a large corrugated 
packaging producer. 
One obvious question might be: ‘is this what we expected?’ Not quite. One may argue the logistics surrounding 
beverage distribution, especially secondary transport, is complex and do account for large volumes and order 
diversity, but the sheer dominance in the number of duplicate activities was unexpected. Compare the beverages, for 
example, with two very large distribution centres in the fast moving consumer goods (FMCG) environment showed 
in Fig. 8. 
Indeed, one do note the small green dots representing duplicate activities. But the number of duplicates in the 
beverage industry, for its size, dwarfs them. Beverages in South Africa are not distributed via the FMCG chains’ 
distribution centres but rather directly to the retail outlets. Is there significance in that? And why are there such big 
differences? 
The answer might be in the different truck configurations used. The beverage industry typically uses open- or 
tarp-sided pantechnicon trailers, also often referred to as stepdeck trailers. More recently the large beverage 
companies also stared using gull-wing semi-trailers. The lower- than-normal decks are often inclined towards the 
centre that keeps the load secured to the A-frame and eases crate-by-crate deliveries at retailer outlets. Point being 
that beverages are loaded from the sides, and thus trucks waiting to be loaded—or offloaded in the case of empties 
and reusable packaging—have to wait their turn to move into the floor-level loading area before being loaded. As a 
result, waiting trucks incur non-value-adding duplicate activities while waiting their turn outside. 
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Conversely, the FMCG industry commonly use rear-entry cargo floor or fridge units, the latter with or without 
active refrigeration. The distribution centres are, as a result, also configured differently. Loading bays are typically 
dock-level bays where vehicles reverse into the bay before being loaded, from the rear, by forklift or pallet truck. 
The results suggest that fleet optimisation and utilisation is indeed a multiobjective challenge. The beverage 
industry seems to choose easier delivery along the route at the expense of incurring additional, non-value-adding 
activities at the distribution centre. This trade-off may be justified if we assume that FMCG vehicles, who have 
much fewer duplicate activities at the distribution centre, visit fewer retail outlets along a route before returning to 
the depot. 
4. Conclusion 
In this paper we proposed and demonstrated an approach to use characteristics of commercial vehicle activity 
chains in identifying possible facilities where unnecessary time is wasted on duplicate activities. The aim was 
specifically to use a large, nation-wide data set instead of a detailed trip survey as the latter requires an a priori 
decision on where (industry and facilities) effort should be spent. 
The temporal analysis suggested that inefficient duplicates occur throughout the business day, and is also spread 
throughout the activity chain. Yet, the results showed that we indeed can identify specific industries that are more 
prone to duplicate activities. A very few industries and facilities account for a large proportion of inefficiencies. The 
approach presented is therefore useful if one wants to identify targeted interventions to improve logistic efficiencies 
and lower the resulting logistics cost. 
Two future research directions can be considered. Firstly, although the data set used is quite large and includes 
nearly 12,000 commercial vehicles, there remain an inherent selection bias. The vehicles considered all subscribe to 
the same fleet management services, and may represent certain industries more than others. To enhance this current 
work, the approach could be extended to include the activity chain data of vehicles from alternative fleet 
management service providers. Taking care of conflicting interests between such service providers, another 
challenge is to ensure the data, and more specifically the resulting activity chains are comparable. 
Secondly, the data set may be augmented with more detailed trip sheets. This will likely mean that a small subset 
of facilities be identified and targeted for closer collaboration. The objective here would then be to better understand 
the purpose of specific activities within the activity chain. Our current study would in itself inform the choice of 
future partners quite well. It would be beneficial to target those organisations that already showed a high number of 
duplicate activities. 
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